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ABsmsicT . , ^ ^ 

r Path analysis is presented as technigue that can be 

used to test on a priori io^el based on a theoretical ^ , 

pOQceptaftli:$a%ion involving a nettrork of selected variables* Shis 
'being an Inttbdnctpry source/ no previous knotrl^dge of path enaly^s 
is- assmed^ although soie understanding of the fundamentals of 
aultiple regression analysts sight be ^helpfaK Included^ is a suaury' 
of stxme ot the basic^ procedures involved in perferiing a path 
analYsis# as trell as a discussion of path diagra«Sr*P^^b 
coefficientisv t^nd aodel testing trith path analysis* Additional 
references^ 'trith annotations^ to aore advanced and detailed, 
discassions of path analysis are' also includ^* The procedure of path 
analysis is suasarise'd as follotrs: (1) fbraaxato a theoretical * 
conceptualization of the causal structure for the relevant variabXes^* 
and construct a path diagxraa representing yout^ theoretical causal 
structure; (2) calculate the path coefficients using regression 
analysis; (3) decompose the bivariate relationship into direct and 
indirect causal coaponents; i^) delete those paths froa the sodel 
'that trere found^tb he nonslgnif icant# and reconstruct the original 
correlation aatrix froa 'the aodified path aodel; (5) note the \ 
discrepancies bettreen the original and the reconstructed correlation 
coeff icients# and retain or reject the proposed aodel Jbased on, the 
nature a&d the number of these discrepancies, ''(AuthorA^*!!) ' 



* Seprod^ctions supplied by gORS are the best that can be aade * 
^ £ros the original docuaent* * * 



Th e purpose of p at h analysis * ^ 

The tuoJ^hod" oE pativ ^inaiysSs was dc>7clopcd by the geneticist Scwall 

Wright in the early 1920's. In one of Ms earliest papers on path 

analysis, Wright' (1921) sumiDarized the general tccthoti of path Analysis 

in^ the following matijieri • * 

The present paper is an attempt to present a m<Jthod of measuring 
t;hc direct influence along, each separate path in such ^ system 
and thus uf finding the degree to which variation of a giyen effect 
Is determined by e£(ch particular cause. The inethod depends on \he 
cqtobi natio n of kaowledRe of^ the ^ decrees ot corrdlatton anionR the 
variobles in a system vlth such jknovledge as mx be possessed of 
th e causal relations ^ In 'cases in which the causal relations ate y 
uncertain, the method can be used to find the logical consequenc&s/ 

i ! 

of any partUular hypothesis in regard to them. (p« 557, my ital^tcsj 

• * 1 * 

I ■ ^ 

In a series of subsequent papers, Wright further elaborated fn the ;pur- 
pose of^path analysis: 
* .the method of path coefficients is not intended to ^cpmplish^ 
the impossible task of deducing causal relations from/che values 
of the correlatloa coefficiencts. (1934, p* 193) 
* >*> t*alh anaivBis is an extension ojf the u^ .u ffl " verba/ iAtcr!>reta* 
t i qn o f statistics ^ not £f tjh? s tatistics themselves ^ It is 



usually eas/ to give a plausible interpretation m any SignifteanL 
statistic taken by itself. The p urpose of i) athMnaly«j.s 'is t c . 
doLcrmine wttcthor *i p^ropo.sod set of iiitj^i>retae_|or^ Is^ c ppsistent 
throughout > (1960b* p. i>Vf, tny italics) ^ / 

In suoun-iryii tht^ major purjiouc of^path analv/iis ig, to test an a 
priori cjkuaal utodcl based on "the researcher's cbncepLuaJi^ation of the 



i^blatlottslvlp amoog the relevant voriatJletJ. Path analysis io not a V 

tecl^lque £or discovering "causes/* Path analysis is a methotl to 

csscs\ whether the empirical cai:rt:l;VtJohs anKin&^^Jbq- rcJi>votil i - nfl/iblca 

— • ■ 

are non^stent with the causal jQodel proposed by the researcher. As 
^tated by\erllnger and Pedliazur C197yj)V/'» • ;path analysls^'te usefixl 
in theory testing rather than generating it" (p, 305).'' In short, 
path aaalysis is to be used as an ai^d to supplement the ifesearch^r's 
tfti^klQg^, an^ not as a substitute for sueh tHnking. 
Dravtnf> the path dj^agrom" ^r"" \^ v, " 

Prior to performing the actual path analysis** It is usually neces-- 
sary to construct a padi diagram* A path diagram (see Figure 1) is 
a graphic rGprese*«taticn of .the causal model ba^ed on clve researcher's 
conccpluaiixation of the relevant variables. Although tt ^s^ot ac- 
tually required for a numerical path analysis, path diagracis can^be ex- 
tr^ely useful x.. assisting the researcher in orEaGixingiti.e relevant 

variables within the causal model. 

* 

It is important to note that therejis nothing '^magical*' abou!:^ 




the path diasraai in discovering causes. The researcher's specific 
path diagram- represents only one of the possible ways €he variabl 
©igl^^ be structured* Thus, any particular path diagram siwiply repre- 
sents the researcher's specific concej)tualijtation of the relevant variables; 



Figure 1 



Variables in thc^path diagram * , ' ' ^ ' 

The path diagram containii three type of variables; excgenous, 

/' - ' - ^ / . 

endogencTuBt am residual variables. The exogenous 'variables are t?ho$e 

variables uhcrae causal variation is assumed to be determined by 

variables outside the causal moclel. That Is* no attempts ttave been 

made to explain the variability of the exogenous variables. Variables 

Z^t and .are examples o£ exogenous variables in^ the path diagram 

presented in Figure 1. It is possible for exogenous variables to be 

correlated among tjicmselvcs. However* no attempt is made to explain 

_ . .... - . "^jf , . - .V . . 

the correlation. • 

Endogenous variables are those variables in the. path diagram whcse 
* \ - * . ** 

Total cauije pr vartability is assumedi to be ccynpletely determined By 

some linear combination of variables yithln the causal model. Thus, 

the varlatjilitx o*f any particular cnodgenous- variable iriaybc determined 

by either exogenous variables and/or other endogenous Variables 



specified vitliln the causal model* Variables Z^, Z^,\and are 



Into the system 
CO aside rati oft 
ndicate the ei^jfects 



-examples of endogenous ynriables in Figure li 

' Reffidual variables are those* tfmt aro introduced 

to account io't any variation in other variables under 

not explained by the ca{i6al tncd^^l* They are. used to^y. 

of variables not included in the niodel* Residual variables, and 

their causes, are assumed to be unknown* In one sense^ the variability 

accouri^d for by the residual variables could be labeled as error 

vaif'ia^ce. Residual variables are assumed to be uncorrclated with 

* \ 
other residual variables and with the other variables specified in the 

cduSal stodel« Variables Z through are exojQples of residual' var- 

J^bles presented in Figure X* ■ ' • 

Basic r u leg. fo r drawiti^ path diaRraois 

Although each path diagram represents a unique way of structuring 

a set of variables, there are certain basic rules that all path digrams 

must conform to« A few basic rules are (Land* 1969): 

1« That the postualted causal ^elationshlps^among variables witl^ln 

the path diagram are represented by unidirectional arrows from 

the Clausal variable to the effect va^j^able. For example^ In Figure 

1 the. arrows leading froiu Z^ and Z^ to indicate that both 

and Z^ (the causal variables in this ca6p)'have an influence. 

(detariiil»a-ttam*k~of the variability) in (the effect variable in^*. 

this case)* 

2* Tlmt the ppstulatod- nonc^ujiJal (unexplained) relationships amon(; 
the exogeaous valriables are rc-preifonttid by two-headed curviHht-^r 
arrows connecting; tUc exufWnoiis variables^ For example. In Figure 
1 the noncausal or unexplained relationship between the exogenous ^ 



variables Z^. and is Indicated by a curved two^'hcaded arrow 
connecting them, Tlie two-licadcd arrow Indicates that it is aot 
' known which of the two eXo{^enou& variables is the causal variable 

and which is the effect variable in this particular relationship. 

*' » t ^ 

More simply stated* the direction of the causal flow is unknown* 

3* ^hc influenc;e of the residual variables is also teprescnted^by ^ - 

m 

( 

unidirectional arrows e^xtending froa the residual variable to the 
specific variable ur*der consideration. For exfUBple* in Figure 1 
the unidirectional arrow connecJuing Che residual variable with 
represents the influence of on the endogenous variable Z^* 
4- The symbol P^j^ represents the path coefficient (to J>e discussed 
^ in more detail in the next icction). The path coefficient repre-- 
fients a numerical value of the postulated causnl influence of the 
jcausal variable on the effect vari^ibie. The/first subscript of the 
path coefficiejit denotes., the effect variable in qu^tion*' The 
secottd subscript deonCes the capsal variable In question* In 
Figure 1, for example, the path coefficient f^j^ represents the ^ 
numer^iiual value of chc causal ^ii^^J^uence of I. on Z^j Since the 
causal flow of the ptith diagram is unidirec :ional> the path^ coef^^ 
ficiepts of the nature P^^ and Pj^^ are not JerpiSBible in the same 
didgrom, ' . 1 

*N In suIn^na^y, the first step in p^rfonnina path analysis Involves 
construcbljig a path djagrjm, according to thQ tiaslc rules* illustrating 
the causal structure among tlic tuli^vanl variables baued on^te- researcher 
particular thcc ret leal cpnccpcual l;cation* 

The second attp in purfprmlng a path analysis Involves "nlculaLiiijj 
the nurocriciil ?^ilucst of the path coefficients/ ' 



Path cocf fi c l G i T^s 

Wrigt^t ClWA) defined path coef f Iclo/its aa: 
Tb</ fraction o£ ICAip stfnidard devlatlojt of the dependent variable 
(with clic approprlate\i^^ for vfilcjii the designated factor is 
directly re^ponBlblc, In th^sen'^'e c/f tho fraction wtilch would be 
£ jnd If this factoV varleB to the Lats^ extent aB in the ohssrved- 
data while all others (incXudlng tjne residualB factors...) are 
t>eXd.\6<*astiint. (p. 162) 

In bi*lof then> a path coefficient is an Index of the direct In- 



^fluencc of a particular variable, iithet at! exogenous or endogenous 
variable, .on a designated endogenjius variable;^ with all othar vari- 
ahleB In the cauBal-model held C(jnstant. Based on this defifvatloOf 
the .squared path coefficient repreeentB an" index of the proportion of 
xhe*varlancc of tlic endogenous variable for whichvthe dcBignated 
causal* variable Is directly responsible. * ^ 

Conceptually the path coefficient and the partial correlation 
are very similar; However^ unlike the; ^partlal correlation, the path 
coefficient is u&ed within the causal system to suggest hou particular 

- ■ • . - . " <^ 

variablti^6 night Influence one a*Sot:her according to apme tlieoretical 
interpretation. 

In order to discuAs how t<S calculate path coefficient, first' " 
it may l>e Importjipt to briefly con'^ider the basic etructural model 
ot path an^ilysta. The basic structural equct^loYi of the path model 
Is tfjatr each endogenous varlabte cm be ropre^ented^^by a linear 
comblnatlan o( those variabJes^ tbAL- hove n direct Influence on.lt 
ie.g.fr connected to it by linJSirectlonal arrows) 3ftiLtlpiled by their »■ 



rcspcctivG path coefflclenLs (the inde){ af the ilirect^inflyence) * For 
examplct the structural equations representing 7*^, Z^f and Z^^can be ' 
expressed as ^ 

The Eirsc step ia obtaloing clie P^th coeCCicic-nts fc-r a particular 
equation is Co perform a regression analysis in which you regress the 
specific endogenous variable on each of the causaX variables that have 

' * , ■ p • 

^ a direct influence oo it. To obtain the path co*if ficiente for E<j* 3 
yt)u would regress variable on variables and Zy To calculate 
the path coef C^icienis for Bq« 1 and Bq« 2» separate regression analyses 
' £or variables 7*, and Z^ would also be required* One regression analysis 
yould be to regress Z^ on Variables and Z^* 'I*he otber regression 
analysis ^uld be to regrcsa on Z^ and Z^*' 

Calculation oE the actual value" oE the path coefEicient (P^j) 
based on the regression coef fi*Cionts (unstandardized regression coef- 

i 

f-Leients or B-weighta) .obtained from the regreasion analysis. The 
formula for calculating the value of thb path coefEicient (or tlie 
standardized patlt coefficient, as they are sometime^ referred to) 
. form th& regression coefficient, is shownl In Bq« 4 - - 

^ If the comi>uLer progrrm performing y^ur regression analy&es 
provities both regrL'nsion* cocff IgJcat 3 and ^atantlarilizf^ regression 
coefficients ( or b^ta wcighLa)» the standard i^ciil .regression coefficients 
(e) can be directly ^uVstltuted for the 'path cr^fficient value. 



\ 



It is also Important to nc£c that wUcn dealing wiith standardized 
scorca the path coefficients \^11 equal the regression coefficients^" 

In those particular cases where you are re^i.esSittig an endogenous 
variable on a singU causal variable, ;he path coefficient will equal 
the zero-order correlation coefficient between the two variables. 

Since the nature of the causal relationship between the exogenous 

variables is unknown, the zefo-'order coiy^elation coefficient between 

them is used' to indicate the numerical value of\hose noncausal (un^ 

* t 
kttown) relations in the path diagVam^ These values are obtained ' from 

the original correlation matrix. For example, the numerical value ' 

for the non-causal relationshi g^betweeh' and in Fi gure 1 would 

Decomposing the proposed causal struc<:ure 

— ^^no of the^isajoP ^idvantagcs of path analysis is that it allows 
j^ou to decompose jthe proposed cau8al relationship bticwcen the variables 
into direct and indirect causal effects. The direct effect cf a cau- 
sal variable is the influence that a variable has on a specific 
endogenous 7ariaT)le^>'ljTt(r"a the ather variables in the model \\f>AA^ 
constTant. As £tat(^ earlier, the value of th& diifcct causal effect 
is represented by the path coefficlentr Jhe ija</irect*€ausal effect 
re fen's to the extent to which a particular variable produces a change 
In an endogijnous variable indlVectly by causing a change in an i?ttoCr 
vening or^ mediatinji variable. In ?igure i the direct causal effect of 



on is represented by r^^^- The indirect effect of on 'Z^^.cnn 
be expressed by tracing cliangos in Z^^ that produce n change in Z^i 
which in torn also' t>rodiJces a change in Z^. Thus, the effect Z^ has 
on Z^ can also be expressed through its intervening relationship with 
Z^* This typ^ o^ dntcrpreca^on is one of che major advanCag&s of 
pach analysis. 

An illostracion of a general decOEnposicion tabic is presented in 
Tabic 1- An^^ample illustrating the decomposition of the relation^ 
tJhip between Z^^ and Z^ is also presented in Tabl^ 1- 

.^ablc 1 ^ ' - 

Decomposition Table- , - — 



Bivariate Total - ^ ' Non- 

Relation- Sovari- Causal ^ causai (E) 

ship ' anceCA) Direct (B) Indirect (C) Total (D) 

\ , ^ . 

^ The column labeled Bivariate Relationship* in Table 1 represenci 
a listing o£ the two varliibles whose causal relationship is being de- 
composed* The coluEnn labeled Total Covariation (A) lists the ^ero*^ 
oroier correlation cneCficient between the two variables. 

V 

The Causal portion 'of the decomposition table ic subdivided into 

— . 

UTfcct (B) I Indirect (C) , and Total (D) columns. The value listed 
under die Direct column represents tho direct influence of the causal 
variable on effect variable, or the path' coefficient. The value 
listed under the Indirect column represents tlie indirect influence of 
the causnl variable. Tne valir^; of^tTi^ Thdii^ect causal effect is the 
sum of^ the products of all the co^^f f Icients along the paths leading from 
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the caus: to the effect variable/. Rules Xor caibul-ating^ 

^ the indirect effects w^y^^^e dlscussod/^n llie next section* Finally, 

the viTlue listed under the Tbtal rpf column nepresen'ts the , total causal 

' ' J* ^ 

influence, of the particular cadsal variable on the specific' effect 

^ - ' - / ' ■ , 

variable* * The value indiciiting' the total causal^ effec^ is obtained by 

adding the di^r&ct'and iduirect causal values* ^ 

Thft value, in the Koncausal column (E) represents the influence 
of variables oatside tJhe model (viz* ,^ residual variables)** This value 
is, obtained by subtracting the total causal value from the t'^al covaria- 
tion value (A - D E), ' 

Being abl^ to decompose" the correlation of a bivariate relations- 
ship into the direct and indirect influence allows the researcher tp 
interpret If'thQ causal relationship betweei) two varial)l^s is a teal . 
o^e or a spurious one mediated J:hrough the^, influence of other inter- 
' ve'ning variables. For example, the iinflaence of 2. and Ze on could 
actually te a result of their shared influence with ^^t* That is, 
changes in Zj produr.es- chinges Ijn both Z^ and Z^, whlc|i^ in turn result 
in changes io Z, . ♦ ' ■ - , ^ 

Another numerical index that isAinformative when interprezidg the' 
decomposition of a causal relationship, altliough .not usually listed 
in the deconrpbsition table, is the coefficient of alieiiation (Rq- 9)* 

Thi^ indicates the proportion of variance iln the effect variable that 

* 

^ is not accounted for by the causal variables In the path model. 

. . P, = T\i 1 .- " ' . Eq. 9 

ia 



in Eq, 9 the sub±;crxpts 1^ and a^ represent the etfect variable 

and the pattlcu^r residual variable (composite of unknown variabiles), 

2 ' 
respectiv^^ly^ R represents the multiple correlation of ^11 .the 
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variables'^ in the hkhJcI that^ave a direct Infiacnco on tUe partlcu* 

lar effect v<arl<ible* 

Trac Infi fiaths and cotiyppund j>ath coefficients 

Being abte to decoapcse the bivarlate relationship into direct 

and indircci: effects oft*en times retjulres tlie calculation of compound^ 

path jfiicients. \\ compound path coeiflclent ts ch& product i^f^ 

■{"'■■ ■ ^ . . 

8bc\e$ of connecting path cocfHclfents. Calculating cotnpojiijid path 
coefflcienta Is based on tracing the paths connecting the tw vaflables ^ 
of interiist. An ejcample of a compound path In ^^.iTgure 1 vtjuid be ^he'^ 
connecting pnths between ^Z*^ and Z^. ^One such compound path uould'be 



42^ 



6^ 



The v^iliiC of the conpourtd path coefficient (Pg2^ the. connecting * 
paths bc;1w<?en and illuscrared above would be the product of the 



separAio p^th coefficients- 



1* * P 



. Tbki' truclt^g of paths and the caiculatl:;.": of compound *path cocffi- 
,cttint** is of particular rclei^ancc to, the calculation of the value for 
the Indirect can**3l effect conponevit. Tf^ value of the Indirect cau^l 
effect cotipunent is the n\m of nlX the compound path coefficients 
connecrlng the two variables of interest. As Is suggested In the 
previous sentence, often tic>es thurt* is oore than one Indirect path 
connecting two variables, for the relatlonshlpt for examplei 



there 4re two dU/erent indil^cct ccnncctX;\ij paths: 



^23 

2 



i2 



/.3 -23 



^13 



^3 



^3 



A2 



(a) 
(b) 
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The value of clie irfdlrect effect in this Relationship would be ihe 

sum of tlie cwo 'scparucc coopounti .path coefficients {a -f b) . 

_ * . indirect effect ^ - p . p 

value -23 '^UZ -13 h\ . 

Traci|:g pachs and calculating cbiapound pach coefficients 1§ no^ ^ 

^an arbitrary process^ The remainder of this section will briefly 

discuss some of the mure iripottant rules for trading jpaths within the 

cai^sal tood<il. {A more extensive discussioft of the rules for tracing^ 

paths caa be found irv Li (1975J*) 

Ru l e s for tracing patiis 

1* When tracing !>achs ic is permissible to tiiove backwards along a 

connecting paclu ant. then in a forvard direction along the next 

iwitb. Moving forward,, clien backwarjis ia not permissible- 

^ ^» ^Z^ is permitted 

■ ^ backwai<? forward " ' ^ 

Mow flow 

Z, * i« nbt permitted ^ 

^* o 3 , ' > ^ 

fo1*i;ard backward 
< flow flow 



Connecting paths (or compound patli coefficients) should noT^ con- 
tain'f^ore than one correlation coefficient* 

* * 7^^^ ^^^23^ perin\ssioie 

-^-23 ^ -12 / 

* ^1 * ^/t ^^23 * ^-12 ^Jil^ '^^^ permissible 

33 That 4n a p^irtituLir compound paih the same variable cannot be 

passi?d through riort, tlun once* ^ ^ 

4* A coinpound paih c:ocffivienL is ciju^il to the product of the connecting 

path Crieff icicntfi- 



H 



5. The coi^relation between two variables is equal to the sum of the 
Produc ts of the path coefficients for all the connecting ^aths 

^ V tvecn the two variohles , includinR b p t l t direct and indirect 
£2ths. For example, the correlation between and 2^ con bs 
exptessed as ' * : 



Other *moj£h«matlcal mnetifoa^cs for calciJ^acing the correlation 
, efficients can be found irfUnd •<1969), Li (1^75), and Kerlitiger 
and Pedhazur (1973)* • 

In brief sumary, :.he third step in perforni^g a p^th aoalyals 

]' J 

is the decomposition of the bivar'iate relationships ioto diracc ani 

' ' . 

indirect causal xoaponirnts- This decomposition is' performed by ttfat-* 

ijxg paths within the model according to certain bSsic r^ileB. The ' 

major advantage of this dcscomposition process is that it makes'^^osiiiibly? ^ 

the assessment of wlWthcr the relationship between variables i^ a 

real one or a spurious one mediated* through the indirect influence of 

other variables. 

Theory (Model) costin g 

Path analysis is a h^othesis 'cesting technique that dllovs you 

to test whether or not th*e proposed causal model is consistent with 

the. empirical oorrelations among the relevant variables. A path model 

is testt^l by attempting to reconstruct the original correlation matrix 

from tha path coefficients- A comparison i3 thin madje between the 

original correlation tnocrlx and the rccons'tVucted cdfreifition matrix. ^■ 

If the discrepancies between the^two matrices are^smallt support for t^e 



^ \ 
-propogpd model has^ bSftcn found. IE die dlsck* 

iSio4,elJL^not- su|¥portcd^ and ciiercforcf rejected 

a 

It Is ^ways possiblt? to rcprodtic^e the or 
rl^ £rom any mohol wHcn all the connecting pat 



cicnts are present:. Because of th^s, simply having 




l^irfic, the 



relation mat-^ 
ath coeffi- 
path 

model is of little theoretical eigblCicance. 

^\ 

To tefet a particular path model requires the researcWx- to\^^Wjn 
down** or simplify the path model by deletddg certain paths froVrtie 
model, and cMn atce^np^ins to reconstruct the original correlation 
matrix. There^are nutnerous criteria by viiich connecting paths may \^ . 
be deleted from the model. Paths can be deleted after the decomposi-^ 
tlCD Indicates lU^l the direct effect was relatively small or statls* 
tlcAlly nonsignificant (e.g., ^< .05). Paths may be deleted if che 
decomposlclcr Indicates that the effect of a particular variable was 
actually mediated through the Indirect influence of othej variables^ 
Paths nay also deleted or ret:ained, Insplte of there level t»f 
significance, depending ou hou theoretically relevant the researcher 
perceives them to be. 

As stated 'earlier, the test ?f dt-^path model is the extent to 
which the original cotrcliition matrix can t;ie reconstructed from the . ^ 
**trimed down** model* If the discrepancies between the original and the 
reconstructed nujtrlx arc small (e-s>, -05) and few tri number, tiie 
path model 1$ said to be one possible explanatfon for the causal ,re- 
latlonshlp among tHbe V£iriables in (Question, tand (HU) has recently 
developed^ a statistical test to assess the overall Efoodness of fit 
of nhe reconstructed correlation matrix with the original* rnatrix. 
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As noted earlier, ^ path tnodef reprdsents pnly one of many poS" 
■ sible ways" a set of variables cf^ be structured. , Finding timt a 
particular path model results. in small uiscrei^ancles from the original 
matrix; does not peanplt ^he conc^uKion'tbat ^he proposed model is ttie 
^orrect one for descrl,bing the causal structure of the var'iables in 
question* Ttiereforcf path atialysls^is more of a method for r«^ecting 
models that for lending support tc one^of^any competing causal models 
(Keriingejr & Pe^Jhazur, 197^)^ 

In brief summary, tlte fourth step in performiag a path analysis 
involves trimndns down the proposed ^path model by deleting paths 
not found to be significant, meaningful, and/or theoretically relevant 
A^ter tlie path tricoming proc^ures aVe complete(^, an attempt is made 
to recoodtruct the/ originals corraJba^i^n matrix from the revised path 
' model. SmaXi disci^epancie^ becwe&n the ori^itml and the reconstructed 
correlation matl^ix provider support that the proposed model Is con^ 
.sistec^t with the data. It does not allow for the conclusion thaC the 
^moAQl is the* correct one fbr describing the structural relationships 
among the variables. 

Assumptions of path analysis ' . 

Path analysis is guided by^ a set of basic assumptions. The as' 
sucQptl6ns moat relevant to the present discussion of path Analysis 
include: ^ 

1* The relationships i^mong the variables in the model are linear 
and additive. Therefore, curvilinear, .multiplicative, or inter* 
action relations are exclttded* It is, pQ^S^ble to perform a path 
analysis -on variables wi*^h nonlinear relationships- if the range of 
U ' tlie values of- interest is linear. In addition^ many cases it 
is possible to uso a number of conventional transformations to 
r transform the d«fa to meet Jic* linear retirement (Heise, 1969); 



Reconstruct , the original correlotlon matrix from tho modified 

path model t * - ' i.- 
? • ♦ ^ 

^^te the discrepancies h^fweem the original and the reconstruct 
tured correlation catcfflcient^. 

Hake your decision co rctcln or reject the proposed model based 
oif" the nature and the nudlber of these dl^ercpaacies* 
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